Abstract Participant attrition in clinical trials and communitybased interventions is a serious, common, and costly problem. In order to develop a simple predictive scoring system that can quantify the risk of participant attrition in a lifestyle intervention project, we analyzed data from the Special Diabetes Program for Indians Diabetes Prevention Program (SDPI-DP), an evidence-based lifestyle intervention to prevent diabetes in 36 American Indian and Alaska Native communities. SDPI-DP participants were randomly divided into a derivation cohort (n = 1600) and a validation cohort (n = 801). Logistic regressions were used to develop a scoring system from the derivation cohort. The discriminatory power and calibration properties of the system were assessed using the validation cohort. Seven independent factors predicted program attrition: gender, age, household income, comorbidity, chronic pain, site's user population size, and average age of site staff. Six factors predicted long-term attrition: gender, age, marital status, chronic pain, site's user population size, and average age of site staff. Each
model exhibited moderate to fair discriminatory power (C statistic in the validation set: 0.70 for program attrition, and 0.66 for long-term attrition) and excellent calibration. The resulting scoring system offers a low-technology approach to identify participants at elevated risk for attrition in future similar behavioral modification intervention projects, which may inform appropriate allocation of retention resources. This approach also serves as a model for other efforts to prevent participant attrition.
Keywords Lifestyle modifications . Multi-site study . Retention . Risk prediction models . Weight loss program Participant attrition in clinical trials is a serious, common, and costly problem (Probstfield and Frye 2011) . A range of factors has been associated with risk of participant attrition in longitudinal studies (Blanton et al. 2006; Brown et al. 2006; Clark et al. 1996; Dalle Grave et al. 2005; Fabricatore et al. 2009; Fitzpatrick et al. 2014; Honas et al. 2003; Kong et al. 2010; Manson et al. 2011; McGuigan et al. 2003; O'Brien et al. 2012; WarrenFindlow et al. 2003; Williams et al. 2008) . With respect to lifestyle interventions to promote weight loss, multiple studies have attempted to identify baseline factors that predict the risk of participant attrition (Fabricatore et al. 2009; Fitzpatrick et al. 2014; Honas et al. 2003; Rothberg et al. 2015; Spring et al. 2014) . Most lifestyle intervention projects that investigated this issue had relatively small sample size with younger age being the most consistent predictor for attrition in those studies. Based on our experience in implementing such interventions, we hypothesize the participants with less resources (both in terms of time and economic resources) would have less likelihood for retention success in a lifestyle intervention. Indeed, using data from a multi-site diabetes prevention initiative among American Indians and Alaska Natives (AI/ANs) (Jiang et al. 2015) , our group found personal characteristics associated with loss to follow-up included younger age, male, lower household income, lacking family support, and chronic pain. In addition, sites with large or small user populations, younger staff, higher staff ratings of participant disinterest in the intervention program, and higher staff ratings of participant lack of transportation or child/elder care were less likely to retain participants.
Identifying factors that affect retention is an important first step to improve participant retention in clinical trials and translational projects. These factors may further inform the development of a simple risk-prediction scoring system that can help healthcare providers and program administrators to identify participants likely to be lost to follow-up. Strategies then can be targeted and resources allocated to retain those at highest risk of attrition. In recent years, the risk score method has been applied widely to predict the occurrence of chronic diseases, such as cardiovascular disease, diabetes, and dementia (D'Agostino et al. 2008; Exalto et al. 2013; Kahn et al. 2009 ; Lee et al. 2006; Lindstrom and Tuomilehto 2003; Noble et al. 2011; Wilson et al. 1998) . Such risk scores have been commonly used as screening tools to identify individuals at high risk for specific chronic diseases; these people then are targeted for primary or secondary prevention efforts. This method also has been used to predict hospital readmission (Bradley et al. 2013; Donze et al. 2013; Kansagara et al. 2011 ) thereby focusing resourceintensive transitional care interventions on the patients at greatest risk. Recently, Johnson et al. (2014) used a cumulative risk model to identify families at high risk of withdrawal from a cohort study of children with genetic risk for type 1 diabetes. For each family with a risk score of early withdrawal ≥4, they developed an individually tailored retention plan using a variety of strategies such as increasing communications between study visits and addressing individual family concerns (e.g., childcare, transportation problems). They showed that the withdrawal rates for the high risk groups were substantially lower after implementing the retention plan. Yet, to our knowledge, risk-scoring system has not been applied to quantify the risk of attrition in behavioral modification intervention projects, such as lifestyle interventions to promote weight loss for which retention is a big challenge (Fitzpatrick et al. 2014; Spring et al. 2014) . When implemented in realworld clinical settings, retention rate of a weight management program may be as low as 26 % at 6 months (Spring et al. 2014) .
Obesity and its associated chronic diseases affect disadvantaged populations disproportionately, especially American Indians and Alaska Natives (AI/ANs) (CDC 2011) . The prevalence of obesity (29.4 vs. 20.3 %) and overweight (69.6 vs. 59.1 %) is significantly higher among AI/ANs than among the general US population (Barnes et al. 2005) . Minority participants typically are also more difficult and costly to recruit as well as retain in longitudinal intervention projects (Garfield et al. 2003; Probstfield and Frye 2011) . Building upon our previous research (Jiang et al. 2015) , the current study sought to develop and evaluate a simple, lowtechnology system for identifying individuals who are at increased risk of attrition in a multi-site diabetes prevention translational initiative that implemented a lifestyle intervention among AI/AN communities, the Special Diabetes Program for Indians Diabetes Prevention (SDPI-DP) program. We considered only risk factors that are readily and easily available at the beginning of a project to use as a participant retention tool in implementing future similar intervention efforts.
Methods Study Design and Population
The SDPI-DP Program is a congressionally mandated demonstration project designed to reduce diabetes incidence among AI/ANs with pre-diabetes by translating the Diabetes Prevention Program (DPP) lifestyle intervention for application in a diverse range of organizational, cultural, and geographic healthcare settings. The details of this effort are described elsewhere (Jiang et al. 2013) . Briefly, 36 health care programs serving 80 tribes in 18 states and 11 IHS administrative areas participated in the SDPI-DP. The participating programs implemented the 16-session Lifestyle Balance Curriculum adopted from the DPP (2002) and evaluated the effectiveness of the prevention activities over a 3-year period. After a baseline assessment, participants attended the lifestyle curriculum consisting of diet, exercise, and behavior modification sessions to help each individual reach and maintain a goal of 7 % weight loss. The curriculum was provided in group settings within 16-24 weeks after baseline and typically taught by the program dietitian and/or health educator. The curriculum was supplemented by monthly one-to-one individual lifestyle coaching, to individualize nutrition and physical activity plans as needed and to identify and solve participation barriers.
Participants were recruited locally by each grant program, mainly through community events such as health fairs, but also from local clinics or by provider referral. Interested potential participants were invited for a screening visit to determine their eligibility for SDPI-DP. Eligibility criteria included being AI/AN (based on eligibility to receive IHS services), being at least 18 years of age, having no previous diagnosis of diabetes, and having impaired fasting glucose (a fasting blood glucose level of 100 to 125 mg/dl) and/or impaired glucose tolerance (IGT, i.e., an oral glucose-tolerance test result of 140 to 199 mg/dl 2 h after a 75-g oral glucose load). Eligible participants were then invited to participate in the program. Enrollment began in January 2006 and is ongoing. The present study included baseline and retention data from 2553 participants who completed the baseline assessment and started the intervention by 07/31/2008. Retention data were available for these participants between their baseline assessments and 07/31/2009. The grantee sites were instructed to use a variety of strategies (e.g., gardening classes, walking club, reminder phone calls) to encourage retention and continued maintenance towards lifestyle change goals. Incentives such as pedometers or exercise T-shirts were usually given after the participant completed each assessment.
The lifestyle intervention was generally well accepted by local health programs. Adaptation for local culture and situation was allowed provided the same basic information was presented and adaptation was documented. Many grantees drew upon their local culture to translate educational concepts and curriculum into tribal languages, and incorporated, for instance, talking circles, indigenous foods, or drumming into intervention sessions. Among the participants included in this study, on average, each person attended 13 classes with two thirds (69.5 %) of them attending all 16 classes of the DPP curriculum. During the implementation of the curriculum, 84 % of the participants used the Keeping Track Booklet to monitor their weekly physical activity and 92 % of them used the booklet to monitor their fat and calorie intake. Additionally, each participant attended an average of six lifestyle coaching visits in the first year.
Measures
At baseline, within a month of completing the last lifestyle curriculum class (usually 4-6 months after baseline), and annually after baseline, participants underwent a comprehensive clinical assessment to evaluate diabetes risk and incidence. At the same time points, each participant completed a questionnaire encompassing sociodemographics, health-related behavior, and a range of psychosocial factors. In this study, consistent with our previous publication (Jiang et al. 2015) , program attrition for a participant was defined as not completing all 16 DPP curriculum sessions. Long-term attrition, or loss to follow-up (LTFU), was operationalized as a participant becoming inactive in the project as reported by the site staff for any reason other than diabetes conversion, death, or pregnancy. We examined the association between attrition and the following participant-and site-level characteristics.
Participant Characteristics
Sociodemographics Participants answered questions related to their sociodemographic characteristics, including age, gender, educational attainment, employment status, marital status, and annual household income.
Psychosocial Factors Participants were queried about a wide range of psychosocial factors that may be related to retention, including distress, anxiety, pain, family support, smoking, physical activity, diet, and stages of change for exercise, diet, and weight loss. Our previous multivariate analyses indicated the following variables were significantly or marginally related to program and/or long-term retention and are included here:
(1) Pain. A visual analog pain scale (range 1-10) was used to assess each participant's perception of general pain (Carlsson 1983 ). (2) Family support. The availability of a family support person was determined by having a family member complete a brief family questionnaire at baseline.
(3) Comorbidity. Self-reported number of comorbid conditions was assessed using the Self-Administered Comorbidity Questionnaire (Sangha et al. 2003) .
Site Characteristics
Site-specific factors included the user population size of the health facility of each grantee site (small [less than 5000 users], medium , and large [≥10,000]). The characteristics of staff members at each grantee site were obtained from a Provider Annual Questionnaire (PAQ) completed by grantee staff members. Based on our previous work, in this study, we examined the relationship between retention and average age of staff members (<40 vs. ≥40 years). The PAQs were completed by site staff at three time points: December 2006 December , 2007 December , and 2008 . We used the averages of those three time points for each of the measurements collected from the PAQs as potential factors affecting program and long-term retention. Two grantee sites had very low response rates for the PAQs (≤2 per year), thus those two sites were excluded from all analyses in the current study (n = 152, leaving 2401 participants in the final analysis).
Statistical Analysis
We randomly selected two thirds of SDPI-DP participants to form a derivation dataset and used the remaining one third of participants as the validation set. To account for within-site clustering, initially a multivariate generalized estimation equation (GEE) model (Hanley et al. 2003 ) with a logit link was built for program attrition, while a Cox regression model with robust standard error estimators (Lee et al. 1992 ) was fit for long-term attrition. However, the multivariate logistic regression models for program and long-term attrition yielded very similar risk-prediction scoring systems and discriminatory abilities, but better calibration results. Therefore, we present the results from the logistic regression models here. Potential risk factors for attrition were identified based on our previous investigation (Jiang et al. 2015) . When constructing the final regression models, factors with a P value >0.2 were removed from the model one at a time using backward elimination. Two site level risk factors, staff rating of participants' lack of interest in SDPI-DP (4 items, α = 0.81) and staff rating of lack of transportation or child/elder care (2 items, α = 0.85), were obtained as questions related to their retention experience and hence were not available at baseline. Although significantly correlated with participant attrition, they were removed from the final models of this study, because most likely they will not be available when site staff calculates risk prediction scores at baseline.
After the final regression models were identified, the risk scoring system was derived based on the regression coefficients of the final models using data from the derivation cohort. To assign risk scores (points), we divided each coefficient by the smallest coefficient and rounded it up to the nearest integer. Continuous risk factors were categorized into quartiles in order to simplify the process of calculating the attrition risk scores by assigning a point score to each of the quartile categories. Two adjacent categories of a variable were considered to be overlapping if their estimated regression coefficients were within one standard error of each other. Any overlapping categories were collapsed into one combined category.
We then tested the performance of this risk scoring system in the validation dataset. The discriminatory capability of the risk prediction scores was assessed using the C statistic, or the area under the receiver operating characteristic curve (AROC). The C statistic is defined as the probability that a model can correctly discriminate a pair of participants with different attrition outcomes. It ranges from 0.5 to 1.0, where a value of 0.5 indicates the model is no better than chance at making the discrimination. A model is usually considered having moderate discriminatory capability when its C statistic is between 0.7 and 0.8, while a C statistic >0.8 implies excellent discriminatory ability (Hosmer and Lemeshow 2000) . The model's goodness of fit was assessed by the HosmerLemeshow χ 2 test (Hosmer et al. 1997 ) and calibration (McGeechan et al. 2008) , which compared the estimated risk of attrition obtained from the model for participants in a specific risk category with the observed risk, i.e., the actual proportion of program or long-term attrition for participants in that category. A Hosmer-Lemeshow goodness-of-fit statistic above 0.05 indicates adequate calibration. All data analyses were conducted using SAS 9.3 software (SAS Institute, Inc., Cary, NC).
Missing data were uncommon for most of the variables included in this analysis (≤5 %) except income and marital status (20 and 16 %, respectively). Still, in the multiple regression models without imputation, about one third of the observations were excluded due to missing data on one or more variables. We fit the final multivariate regression models with and without imputed covariates and found they yielded very similar results. In the current study, we chose to report the results without missing data imputation because, in practice, field staff predicting attrition would not have access to imputation technologies. Table 1 describes the baseline characteristics and attrition rates of the derivation and validation datasets. The average age of the 1600 participants in the derivation cohort was 47 years old. The majority of participants were female (74.8 %), employed (74.8 %), and married or living together with a partner (59.2 %). Thirty-one percent of the derivation cohort did not complete all 16 DPP curriculum sessions, and 43 % of them were LTFU by July 31, 2009. None of the characteristics were significantly different between the derivation and validation cohorts. Table 2 presents the final multivariate logistic regression models for program and long-term attrition. We identified seven variables that are independent predictors for program attrition and six predictors for long-term attrition. Based on regression coefficients of the final models, for the program attrition risk score, one point was assigned to the male gender, three points were given for those <40 years old compared to one point for those in the 40 to 60 age group, either two or one points were assigned to income category of <15 or 15 to <30k, respectively, two points were added for those with two or fewer comorbidities at baseline as well as those reporting a baseline pain >4. At the site level, four points were assigned to those sites with small or large user populations and three points were added to the sites with younger staff members (average age <40 years old). In general, the point assignments for long-term attrition were similar to those for program attrition, except that income and comorbidity were not related to long-term attrition. Instead, two points were added to the long-term attrition risk score for those who were separated, divorced, or widowed. Also, while the predictor with the largest impact on program attrition was a site's user population size, participant age (<40 years old) had the greatest effect on long-term attrition. An example of how to use these points to calculate the attrition risk scores for a particular participant is shown in Table 3 . The discrimination power of the scores was fair to moderate (Table 4 ). The C statistics of the final model for program attrition were 0.67 in the derivation set and 0.70 in the validation set. If we use a risk score of 8 or higher to predict program attrition, the sensitivity of the classification will be 0.71 and the specificity will be 0.55. Because income had a relatively high missing rate in our dataset, we also calculated C statistics for the program attrition model without income. The discrimination power decreased to 0.65 in both the derivation and validation set in that scenario. When we excluded site level characteristics from the model, the model C statistic dropped to 0.59 for the derivation set and to 0.63 for the validation set.
Results
For long-term attrition, the discrimination power of the scores was only fair. The C statistics of the final model for long-term attrition were 0.63 in the derivation set and 0.66 in the validation set. If we choose 6 as the cutoff for long-term attrition, the sensitivity of the prediction will be 0.63, while the specificity will be 0.57. Because marital status also had a relatively high missing rate in our dataset, we calculated C statistics after excluding marital status from the model; the resulting C statistics were 0.63 and 0.64 in the derivation and validation set, respectively. Dropping site level characteristics from the longterm attrition model decreased the C statistics to less than 0.60.
As shown in Table 5 , based on the risk scores described in Table 2 , the risk of attrition was stratified into three categories: low, intermediate, and high. For program attrition, low-risk patients had 0-7 points in the risk score (44 % of participants) and <20 % estimated risk of not completing all 16 DPP curriculum sessions; high-risk participants had 11 or more points (21 % of participants) and a 44 % estimated probability of program attrition. The P values of the Hosmer-Lemeshow goodness-of-fit tests were P = 0.94 and P = 0.46 in the derivation and validation sets, respectively, indicating good calibration. For long-term attrition, low-risk patients accumulated 0-5 points in the risk score (49 % of participants) and a 31 % estimated risk of LTFU at the end of the study; high-risk participants had eight or more points (21 % of participants) and >50 % estimated probability of long-term attrition. The HosmerLemeshow goodness-of-fit tests were P = 0.16 and P = 0.36 in the derivation and validation sets, respectively, again indicating good calibration. (Table 6 reports the observed and predicted attrition risk for each level of risk score.) 
Discussion
The issue of participant attrition has been recognized as a serious challenge for the success of clinical trials. Attrition is even a greater issue in the large-scale implementation of behavioral lifestyle interventions, which lack the resources of randomized clinical trials. As discussed in our previous study, the relationships between participant characteristics and retention among these AI/AN participants are generally consistent with the existing preventive intervention literature (Jiang et al. 2015) . A couple recent publications reporting factors associated with participant retention in weight management programs were also relatively consistent with our findings (Rothberg et al. 2015; Spring et al. 2014 ). In particular, older age was consistently reported as being linked with less attrition risk. Further, in the Veterans Health Administration's nationwide MOVE! Weight Management Program, female gender and more comorbidities were also found to be associated with smaller risk for attrition. Both of those studies found baseline BMI was significantly related to retention, but the directions of the relationships were contradictory in those two studies. The MOVE! Program also found a number of facility and program factors affecting retention rates, such as lack of co-payment requirement and geographic proximity to VA facility. However these factors were either not applicable or not available in our study. Quantifying the risk of attrition can facilitate targeted retention strategies to minimize participant attrition. It also can guide health care providers and public health practitioners in allocating scarce resources more appropriately to focus on those at high attrition risk when pursuing disease prevention. Using data from a multi-site lifestyle intervention project, we developed and evaluated a scoring system that predicted the risk of program and long-term participant attrition. This easyto-use method is moderately discriminatory and exhibits excellent calibration properties. It will enable healthcare providers and program administrators to prospectively identify Total risk score 9 11
Risk category Intermediate High a A 35-year-old male participant who had an annual household income of 35k, was divorced, reported 3 comorbidities and a chronic pain score of 6 at baseline, participating in SDPI-DP at a grantee site with medium user population size and average staff age of 38 years old The simplicity of this risk score system is notable. Although we derived the system in a large cohort of participants with more than 40 potential risk factors-each of which could reasonably influence the risk of attrition-only a few simple factors explained much of the variance in risk of participant attrition. Therefore, this approach offers a practical means by which to identify participants at high risk of loss to follow-up from a behavioral lifestyle intervention and will facilitate more targeted retention efforts in future similar projects. It is worthy to note that excluding income from the program attrition model and excluding marital status from the long-term attrition model only slightly reduced the model's discriminatory power. Therefore, although both income and marital status had relatively high missing rates, the risk score system developed here can still be applied to those with missing data involving either or both of these two variables.
Consistent with our previous investigation (Jiang et al. 2015) , both individual-and site-level characteristics predicted participation status in both the program and long-term attrition models. In an effort to simplify measures (i.e., categorize the continuous assessment of certain risk factors) and to exclude variables not available at baseline, some minor changes in the relationships between risk factors and attrition were observed. For example, the association between comorbidity index and program attrition changed from being marginally significant (P = 0.06) to statistically significant (P = 0.003). This likely reflects the fact that older participants, who usually suffer more comorbidities, had lower risk of program attrition. When age was entered into the model as a continuous variable, comorbidity was not significantly related to attrition. However, collapsing the age variable into three categories did not fully control for that effect. Additionally, household income and availability of a family support person were not significantly correlated with long-term retention. Instead, marital status appeared to be more important in predicting the risk of participant attrition in the long term. Marital status may share a large amount of common variance with household income and family support, which could partially explain why after adding marital status, household income and family support person were no longer significant in the final model regarding long-term attrition.
Several site level factors we previously identified as related to participant attrition (Jiang et al. 2015) were excluded from the final regression models in this study because of their unavailability at baseline. The two site level factors remaining in the final models proved to be pivotal to the discriminatory capabilities of the prediction models. The models with only participant characteristics had markedly reduced C statistics, indicating participant attrition cannot be adequately predicted without considering site level characteristics. This observation suggests possible ways for the coordinating center of a large multi-site intervention to identify sites with elevated average participant attrition risk and to enable those sites to focus on participant attrition at an earlier phase.
The risk prediction models for program and long-term attrition have considerable overlap, indicating calculating two separate risk scores may be somewhat redundant in practice. Given the importance of completing all 16 classes in achieving maximal SDPI-DP intervention effects (Jiang et al. 2013) , we suggest field staff only calculate the risk scores for program attrition at the beginning of the intervention and initially focus on those at high risk for program attrition. As the intervention progresses to a later stage, and if retention resources are adequate, the staff may choose to calculate the risk scores for long-term attrition in order to more accurately identify those at increased risk for long-term attrition.
This risk score system must be interpreted in light of several limitations. First, the system was developed based on a sample of AI/ANs with pre-diabetes who participated in a lifestyle intervention. Although the method for developing the risk-prediction system is definitely generalizable, the attrition risk scores developed in this study may not be directly applicable for other longitudinal interventions. Differences in the nature of the intervention, the focal population, and factors available for consideration may lead to a somewhat different risk-prediction system. For example, in smoking session programs, baseline smoking frequency has been shown to be a strong predictor for intervention adherence and participant retention (Kealey et al. 2007; Snow et al. 2007 ). Therefore, the risk model for participant attrition in a smoking cessation program would likely need to include baseline smoking frequency as a risk factor. Also, in an intervention project targeting at multi-ethnic groups, race/ethnicity is a possible risk factor that is predictive of attrition risk. Future external validation studies will be helpful to elucidate how widely one can implement this system in other lifestyle and/or weight loss interventions. Yet, even if we find project adaptions are needed when applying the risk score system to another population and/ or intervention, our study sets up an example for developing risk scoring systems of participant attrition in other types of longitudinal studies. Second, the performance characteristics of our prediction models are only fair, especially for long-term attrition. A few reasons may explain this observation. Some important predictors may be missing from the measurements of SDPI-DP. For example, transportation problems could be a critical risk for attrition. However, the SDPI-DP did not have a reliable baseline measure of participant transportation. In future studies, it will be important to measure transportation problems at baseline and evaluate if adding this factor boosts the performance of the prediction models. Furthermore, in contrast to specific chronic diseases that are often strongly correlated with certain disease-specific biomarkers, participant attrition may be less predictive in large multi-site projects implemented among diverse communities. In particular, the reasons for long-term attrition seem to be much more diverse than those for program attrition (Jiang et al. 2015) , rendering long-term attrition more difficult to predict. Nevertheless, our prediction models provide an initial tool for program administrators to identify those at elevated risk for attrition in a lifestyle intervention project.
In conclusion, we propose a simple and low-technology predictive scoring system that provides a practical tool to quantify the risk of participant attrition in a lifestyle intervention program. It represents the initial step to introduce the use of risk prediction model in optimizing the allocation of retention resources in large-scale longitudinal studies. The employment of this easy-to-use scoring system may help healthcare providers and program administrators develop targeted retention strategies for participants at high risk of potential attrition, which may ultimately minimize participant attrition in SDPI-DP and other similar chronic disease prevention projects. This kind of tool will be useful particularly for improving the likely success of large-scale, evidence-based interventions implemented in real-world settings, which usually have limited resources to track and retain participants. As SDPI-DP is an ongoing project, applying the attrition risk-prediction system developed in this study to newly recruited, future participants represents a critical next step in testing the applicability of this system in practice. Another important line of inquiry is to analyze the retention strategies that have been used by various SDPI-DP grantee sites and identify the strategies that are most effective at retaining the participants with high risk of attrition.
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